Abstract. Mental retardation (MR) is a subset of developmental delay (DD), a broader classification of childhood disability. The purpose of this study was to determine if clusters of these two conditions were statistically significantly correlated. The residential addresses of 81,935 Medicaid insured pregnant women during each month of pregnancy were used to identify clusters of MR and DD in their children. Correlations between MR and DD were computed based on the sets of P-value surface from selected centroid points, where the P-value for cumulative relative risk of MR and DD was known. The correlations are quite small for all the 10 gestational months for which maternal addresses were available, but they are all statistically significant. This indicates MR and DD are correlated, but they are not linear. When MR was used as the centroid point to identify a cluster the only correlations that were statistically significant were for gestational month 5 and 6 with correlation 0.14 (P = 0.007) for both months. When the centroid points were selected based on the significance of risk of DD, the correlations between MR and DD are not statistically significant for any month. Correlation between MR and DD based on the sets of P-value surfaces from 4 MR clusters are significant in gestational month 5, 6 and 7 with correlation 0.17 (P = 0.047), 0.16 (P = 0.060) and 0.17 (P = 0.044), respectively. Our finding suggests that locations of high risk for the more severe condition, MR, also identify a spatial area where less severe cases of DD might be present, however the reverse is not the case.
Introduction
Childhood developmental disabilities are an epidemiological challenge because their risk factors are only partially understood and there are limited tools to study associations. One area of inquiry that has not been extensively investigated is the association of maternal exposures to environmental toxins with the child outcome using spatial statistics. In order to study spatial associations between maternal exposures during pregnancy and child outcomes we need information about maternal residence during pregnancy. Clusters of the child outcome can be identified using residential addresses of pregnant women which can be linked to child outcomes.
One of the first steps in investigating clusters is the development of a case definition of the outcome. The labeling of childhood disabilities in the USA is directed by the national education legislation, Individuals with Disabilities Education Act (IDEA), which defines "developmental delays (DD), as measured by appropriate diagnostic instruments and procedures, in one or more of the following areas: physical development, including vision and hearing; communication development; social or emotional development; adaptive development; or a diagnosed physical or mental condition that has a high probability of resulting in developmental delay" (IDEA, 2004) . Mental retardation (MR) is the largest of the 13 disability categories (autism, deaf-blindness, emotional disturbance, hearing impairment, mental retardation, multiple disabilities, orthopedic impairment, other health impairment, specific learning disability, speech and language impairment, traumatic brain injury, visual impairment, deafness) included under DD (National Dissemination Center for Children with Disabilities, 2007) . In this study DD will exclude MR so the two categories are mutually exclusive. MR and DD usually have prenatal origins even though the effects are not identified until infancy or childhood. A substantial literature has focused on the prevalence of these conditions, since prenatal incidence can rarely be detected (McDermott et al., 2007) . Although there is an assumption of a normal distribution of intelligence in the population, there is evidence of variation in rates of MR across spatial domains as documented in national registries and small area analyses (Westerinen et al., 2007) . The explanation for spatial variation has focused on economic and demographic characteristics of the women and children in these localities.
Almost all diagnosed conditions for which there are addresses of cases and controls can be analyzed to determine if there are clusters. MR and DD are no exceptions. Clusters are defined as spatial areas with "unusually increased disease incidence rates". The term "hot spot" has been used to define a cluster if an "unusual" high rate is found (Lawson, 2006a) . Cluster detection methods used in spatial epidemiology have used both regional count data as well as case-control data, with controls selected from at-risk populations in order to estimate the relative risk or local rates (Kulldorff, 1997) .
MR and DD are the most prevalent childhood conditions, however, there are no previous analyses of spatial or spatio-temporal clustering of these conditions using individual case data. For some time environmental exposures have been suspected as a possible risk factor for unknown etiology cases of MR and DD, but the methods to detect an association have been limited to conventional epidemiological approaches.
Identification of MR and DD clusters based on maternal residence during pregnancy can provide an important tool to investigate risk exposures since environmental exposures to chemicals during pregnancy have been suspects for damaging brain development in utero (Zhen et al., 2008) . It is possible that maternal exposure to contaminated soil, water or air could be associated with neurodevelopmental processes in the development of a fetus. For this reason we designed a study to explore the monthly residential data to see if residence of mothers during a specific month of pregnancy was associated with excess risk for the diagnosis of MR or DD. It is well established that poverty is associated with risk for both MR and DD and that people live in neighbourhoods based on their income. Thus there have been problems inherent with studying the geographic clustering of MR and DD.
This study was designed to reduce the bias of income clustering of families by using data from only low income mothers and children. More specifically, this study was designed to determine if clusters of the MR or DD outcomes varied by gestational month of maternal residence, for women and children insured by Medicaid in a state with coverage included pregnant women up to 185% of federal poverty levels and children up to 100% of poverty. In this paper we examine the correlation between clusters of MR and DD which are identified by using a Bayesian hierarchical modeling technique.
Materials and methods
The present study is a retrospective cohort study which includes 81,935 maternal child pairs to identify clusters of MR and DD cases in a region of South Carolina (SC), USA. The study is designed to identify associations between chemicals in the soil and risk for MR and DD. We received Medicaid approval to conduct the study and University of South Carolina institutional review board (IRB) exempt approval. The Medicaid data use agreement required masking of the actual location of cases and controls so address coded data were offset before the research team received the codes. Because of this masking of location we cannot identify actual cluster areas but we could pool the data from risk areas to identify suspect chemicals. The focus of this report is on the first step in the process, when we identified clusters.
Maternal and child Medicaid data from inpatient and outpatient medical reimbursement records which include diagnostic codes and birth certificates records were linked for the women who were pregnant during the period January 1, 1996 through December 31, 2001. Addresses were obtained for each month of pregnancy and geocoded to determine the exact monthly location of the mothers who were pregnant during the study period. After geocoding the locations were offset by the Medicaid contractor who supplied the data for the research project. Ten gestational months were used instead of nine since pregnancy can extend beyond 40 weeks of gestation and although the first and tenth month had a smaller proportion of mothers, we included all the Medicaid pregnancies during the period for a region of the state.
Mothers entered the dataset throughout the months of pregnancy and other mothers dropped out. Entry was based on obtaining Medicaid eligibility and drop outs resulted from moving away, pregnancy loss, and change in eligibility status. Thus, during each month of pregnancy we have a different denominator. Most of the pregnant women entered the Medicaid programme in months 2-4. There was movement of mothers in our study cohort. In fact 22% moved once, 2% moved twice and 0.1% moved more than twice during pregnancy. In addition there is movement out of Medicaid throughout childhood as the income eligibility changes for families. During pregnancy Medicaid is the most inclusive with families eligible up to 1.85 times higher than the federal poverty level. Since children with a disability qualify for Medicaid we expect there will be higher retention of children with MR compared to children without a disability.
The Medicaid reimbursement files for the pregnant mothers, birth certificate data, hospital and outpatient care for both the mother, and the child health records through 2007 were merged. As a result we had maternal prenatal files and child records for 6-10 years following birth to identify codes for MR and DD in the Medicaid record.
Case definition
The identification of cases of MR and DD in this analysis included two important steps. The strategy was designed to identify all cases of MR and DD, and then exclude those that had a known genetic, infectious, injury or alcohol related cause. We wanted to focus on the cases with unknown cause since this is the group for whom an environmental exposure could be a risk factor. First we identified a list of known causes of MR and DD, and their ICD9 codes using multiple sources (WHO, 2002) . We excluded 2754 babies with a known cause of MR/DD. The excluded infants had one of the following known causes of MR/DD: Trisomy 13, 16-18, other chromosomal aberrations, Prader-Willi Syndrome, Rett's Syndrome, phenylketonuria, Fragile X Syndrome, postnatal injury, prenatal rubella, meningitis, encephalitis and Fetal Alcohol Syndrome.
We then defined two mutually exclusive groups. Children who had an ICD9 code for MR were classified as having MR, even if they also had a DD code in some part of their record. Children with DD never had a MR code so the two groups were mutually exclusive. The infants and children with MR were identified by the use of ICD9 code 317 (mild MR), 318 (moderate and severe MR), or 319 (unknown severity MR) in the Medicaid inpatient or outpatient/private practice record. Through this process we identified 3003 cases of MR (3.9%). Identification of DD was based on use of the ICD9 code of 315. Through this process we identified 11584 cases of DD (14.9%).
The denominator for the identification of clusters was all children born during the study period who were insured by Medicaid.
Cluster detection
Recently a novel approach to the detection of spatial clusters was proposed for both count data in small areas and also case event data at residential addresses (Hossain and Lawson, 2005; Lawson, 2006b ). This method is based on Bayesian models for the cluster form. They rely on the definition of a likelihood which is a function of a "lasso" parameter. This parameter defines the size of an area within which cases are accumulated. Both cases of disease and control cases can be accumulated in the lasso. In the situation where binomial data are found (such as where we have children with and without MR), we simply count the number of MR cases within the lasso and also the number of children without MR (as control cases). The likelihood used is a local likelihood based on the lasso found for each site. The lassos can and do overlap. These local likelihood methods are designed to provide estimates of areas of excess risk across the continuous disease risk surface of the map. When the algorithm is implemented the posterior distribution of lassos is sampled over a large number of iterations and the posterior average lasso for each area is obtained. As a function of this lasso the relative risk is also obtained. The local relative risk is important in cluster detection as it is this risk that can show where excesses of the case disease are found. We assume that our clusters are essentially "hot spots" in any area of the map which shows unusually high risk. The posterior average relative risk is computed and also the "significance" of the local risk elevation is assessed by the estimation of an exceedence probability. This probability is defined as p i = Pr (RR i >1) where RR i is the local relative risk at the i-th site. This is computed from the posterior sample of relative risks found for each site. To match up with the usual criteria for significance tests, we examine q i = 1-p i for local areas with q i <0.05 or <0.01. These areas can be considered as unusual or significantly elevated. Note that our model provides a description of the spatial variation of risk on the map over all areas and also we do not need to adjust for multiple testing, unlike other methods such as SaTScan.
The advantages of this method is that: (i) it produces a continuous risk map where gradients of risk are apparent as well as clusters; (ii) it does not limit the clusters to circular shapes; and (iii) it automatically allows the incorporation of covariates within a full likelihood formulation. The final output from the local likelihood sampler is in the form of a P-value surface. This surface can then be contoured or displayed as a heat image or perspective plot and any (possibly irregular) areas of highly excessive risk will be represented by areas below the 0.05 or 0.01 contour levels.
Statistical analyses
The characteristics of the Medicaid study population in the clusters with MR and DD were analyzed using chi-square tests for categorical variables and ttest for continuous variables to determine if there were statistically significant differences in the proportions within each of the categories or if there were differences in the means (Table 1) .
The spatial clusters were identified by using Bayesian local likelihood model based on count data in small areas instead of case event data at residential address (Devine et al., 1996; Hossain and Lawson, 2005; Lawson, 2006b) . Data conversion from individual observation at residential address to count data in small areas was performed using the ArcGIS 9.3 software. The first step identified appropriate geographic coordinate system/units for the data, and the boundary file points formed a converted polygon for the area. Equal size grid meshes were created as fine as possible within the boundary, and ended up with a total of 5088 grid cells with each grid cell size 3500 x 3500 m. A centroid location of each grid cell was extracted, and numbers of MR cases, DD cases and controls in each grid cell were counted. For the centroid location of each grid cell, the local relative risk of MR with corresponding P-value, and the local relative risk of DD with corresponding p-value were calculated, respectively, based on Markov chain Monte Carlo (MCMC) local likelihood sampling techniques, which was performed by FORTRAN programme. Then pixellated heat image maps with colors corresponding to the P-values were created for MR and DD separately using the R programme, and MR clusters and DD clusters were identified based on contour graphs in 10 gestational months.
Five Pearson's correlations between MR and DD were computed based on the P-value surface from different sets of centroid locations: (i) P-value surface from all the 5088 centroid locations; (ii) P-value surface from the centroid locations where the local relative risk of MR has statistically significant P-value (<0.05), while the local relative risk of DD may or may not have statistically significant P-value; (iii) P-value surface from the centroid locations where the local relative risk of DD has statistically significant P-value, while the local relative risk of MR may or may not have statistically significant P-value; (iv) P-value surface from the centroid locations of four MR cluster areas; and (v) P-value surface from the centroid locations of four DD cluster areas. The normality assumption of Pearson correlation was examined by histograms, and scatter plots of Pvalue of excess risk of MR versus P-value of excess risk of DD were created when the Pearson correlations were statistically significant. The Pearson correlations, normality assumption test, and scatter plots were performed using SAS version 9.1 statistical software (Cary, NC, USA).
Results
The mean or proportion of some of the known characteristics associated with MR and DD for the study population in the MR cluster areas is shown in Table 1 . In MR cluster areas, children with MR are more likely to be preterm (<28 weeks gestation), have no sibling, have lower birth weight, and have mothers who are older at the time of birth compared to the children with DD; and there is no evi- Figures 1 to 6 , which are plotted at 0.05 and 0.1 of P-value of excess risk of MR and DD, and are based on gestational month 5 -month 7 data. The clusters are defined as "hot spots" in any area of the map which shows significant high risk. The MR clusters are identified from Figure 1 , 3 and 5, and the DD clusters are identified from Figures 2, 4 and 6. The number of MR clusters identified is much less than that for DD, which may be due to the reason that case event of MR is much less than DD in our study area. Furthermore, the MR DD. Table 2 shows the correlations for each of 10 gestational months. Correlation 1 was computed based on the sets of P-value surface from all the 5088 centroid points. The correlations are quite small for all the 10 gestational months, but they are all statistically significant. This indicates there is a correlation between MR and DD, but they are not linear. Correlation 2 between MR and DD was computed based on the sets of P-value surface from the selected centroid points, where the P-value for cumulative relative risk of MR is significant (P <0.05) while the P-value for the cumulative relative risk of DD may or may not be significant. The correlations are statistically significant for gestational month 5 and 6 with correlation 0.142 (P = 0.007), and 0.139 (P = 0.007), respectively. The correlations for all other gestational months are not statistically significant. Correlation 3 between MR and DD was computed in a reverse way as it did in correlation 2, that is the centroid points were selected based on the significance of P-value of cumulative relative risk of DD, not MR. The correlations between MR and DD calculated in this way are not statistically significant for all the 10 gestational months. Correlation 4 between MR and DD was computed based on the sets of P-value surface from the selected centroid points which are from four MR clusters. The correlations calculated in this way are significant in gestational month 5, 6 and 7 with correlation 0.168 (P = 0.047), 0.159 (P = 0.060) and 0.170 (P = 0.044), respectively. The correlations for other gestational months are not statistically significant. Correlation 5 between MR and DD was computed in a reverse way as it did in correlation 4, that is the centroid points were selected from the 4 clusters of DD, not MR. The correlations between MR and DD calculated in this way are not statistically significant for all the 10 gestational months.
Discussion
This study was possible because we had data for each month of maternal residence for pregnant women insured by the Medicaid programme and the medical data for their children. Half of all births in SC are insured by Medicaid and these children represent the highest risk group for MR and DD due to factors associated with poverty.
We found the correlation between risk gradients in Medicaid identified MR and Medicaid identified DD were statistically significant for gestational months 5, 6 and 7 when the correlations were based on centroid points within four identified MR clusters (correlation 4 in Table 2 ). The only other condition in which correlations were statistically significant was when the correlations were based on the P-values of selected centroid points where Medicaid MR had a P-value less than 0.05 (correlation 2 in Table 2 ).
One of the statistical strengths of this investigation is the large sample size. Our original data are case event data of residential addresses with large sample sizes, which require huge computation time and cause the identified clusters to be unstable. Therefore, without loss of the details, we used count data in the cluster analysis process instead of case event data of residential addresses. Significance of Pearson correlation can be influenced by the normality assumption and outlier. The normality assumptions were tested by comparing histograms of P-values of excess risk of MR and DD with the normal distributions, and no substantial differences were found. Furthermore, it is well accepted that normality assumption will not be a major concern if the sample size is large than 100, while sample size for each of gestational month in our study is much larger than 100. Therefore, violation of normality assumption for correlation is not an issue in our study.
Another statistical feature of this investigation is the spatial clusters were identified by using a Bayesian local likelihood model. A large number of cluster detection approaches have been proposed and applied in many fields, such as Tango's maximized excess events test (MEET), spatial scan statistic and Bayesian local likelihood model. Tango's MEET statistic is evaluated using Monte Carlo hypothesis testing and has good power in detecting global clustering but it does not work very well for rural clusters (Song and Kulldorff, 2003) . The spatial scan statistic imposes a circular window on the map and lets the circle centroid move across the study region. The spatial scan statistic has good power in detecting hot spot clusters but it restricts the identified cluster shape to a circle (Song and Kulldorff, 2003) . Bayesian local likelihood modeling used in this investigation is a very useful tool to identify MR and DD clusters. It allows flexible cluster forms and the incorporation of covariates. It provides a description of the spatial variation of risk on the map over all areas, and we do not need to adjust for multiple testing, unlike other methods such as SaTScan.
The methodological strength of this investigation includes the ability to only use mother-child pairs who were insured by Medicaid so the bias of poverty is addressed. In addition, some of the issues related to the validity of MR and DD diagnosis that plague other studies are minimized in this investigation. The use of address codes to identify clusters is not based on residence when the diagnosis of MR was made; instead it is based on maternal residence during pregnancy. Thus the issues of bias of some physician's use of the ICD9 codes for the diagnosis of MR would impact studies that rely on child addresses, but is much less an issue when maternal pregnancy addresses are used.
One of the limitations of the exploratory stage of this study is that, as yet, we have not examined the association of clusters in MR outcome and associated explanatory variables. Thus the identified relationship between geography of maternal residence is operating through one of these risk factors. Our future work may extend to the joint analysis of MR and DD and explore the shared and divergent trends (Dabney and Wakefield, 2005) in risk between these two disease.
In conclusion, this investigation allowed us to compare the risk level for MR and DD at specific maternal residential locations, during each month of gestation. This was done in cluster areas where the observed MR rate is 10% higher the rate for the larger region. We found that when Medicaid MR is used to define the locations of significant risk then Medicaid DD risk levels had a correlation of 17% for gestational months 5 (P = 0.047), a correlation of 16% for month 6 (marginally significant P = 0.060) and a correlation of 17% for month 7 (P = 0.044) ( Table 2) . When Medicaid DD is used to define the locations of significant risk then gestational month 8 was the only statistically significant month (P = 0.055). This finding suggests that locations of high risk for the more severe and lifelong condition, MR, also identifies a spatial area where less severe cases of DD might be present, however the reverse is not the case. The identification of irregular shaped clusters of MR can be used to direct research into potential environmental risks.
